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Introduction
, with recent reports investigating, for example, cognitive control 173 , and attentional control (van Son et al., 2019) . Other work using EEG 174 experiments have explored ratio measures in learning and memory, examining, for example, short 175 term memory using the theta / beta ratio (Trammell et al., 2017) , and memory impairment using the 176 theta / gamma ratio (Moretti et al., 2009) . Similar work in animals has investigated the theta / delta 177 ratio in hippocampal recordings during associative learning paradigms in rabbits (Nokia et al., 2008) 178 and rats (Kim et al., 2016) .
180
Frequency band ratio measures have also been used to explore changes within and between (Krakovská & Mezeiová, 2011) and ECoG (Reed et al., 2017) .
191
In clinical neuroscience, band ratios are also a common approach, including in studies 
225
Collectively, band ratio measures are used across basic, clinical, and applied neuroscience 226 to examine a wide variety of their correlates. To explore the breadth of reported band ratio 227 correlations, we also ran an automated literature search that collects information on the number of 228 published articles that reference each ratio term and their major associates (Figure 1 ). This analysis 229 shows that theta / beta ratio measures are the most common, though a variety of other band ratios 230 are commonly applied, with distinct applications. We find over 250 articles that mention band ratio 231 measures, supporting that these are a relatively common method to apply to electrophysiological 232 data, across a wide range of applications. This is also likely an underestimate, as our text-mining 233 approach is limited to specific phrases that appear only in article abstracts.
235
A B Figure 1 . Literature Analysis of Band Ratio Related Articles. A) Associations between published journal articles referring to band ratio measures and cognitive and clinical associations. Each cell represents the proportion of articles referring to a specified band ratio measure that also mentions the corresponding association term. B) Total counts of the number of articles mentioning each band ratio measure.
-Methodological Properties & Interpretations of Band Ratio Measures

237
Given the popularity of band ratios across domains, and their reported clinical utility, it is 238 important to investigate and understand the properties and assumptions of such analyses, and how 239 those assumptions relate to their interpretations. In this investigation we examine whether the 240 general conception of band ratios as measures that specifically reflect periodic neural activity is well 241 founded in the face of work showing that periodic properties of electrophysiological data are highly 242 variable, often violating the assumptions of predefined frequency bands, and that they co-exist with 243 variable and dynamic aperiodic activity (Haller et al., 2018) .
245
Methodologically, studies using band ratios typically follow a stereotyped procedure 246 whereby power in pre-defined, fixed frequency bands are calculated, from which a ratio is and beta band (20-30 Hz) respectively. Band ratio measures, such as the theta / beta ratio are taken by dividing the average power between these two bands. B) An example of a parameterized power spectrum, in which aperiodic activity is separated from measured periodic components. C) Examples of simulated power spectra with and without component oscillations of the theta / beta ratio. Black lines indicate the simulated data, with red line reflecting the model fit, the dashed blue line indicating the aperiodic component of the model fit, and the green lines indicating the location of canonical theta and beta oscillations. Band ratio measures, though intended to measure periodic activity, will reflect power at the pre-determined frequencies regardless of whether there is evidence of periodic activity at these frequencies.
power. Because ratios typically display a non-normal, skewed distribution, they are often log-250 transformed before further analysis.
252
This ratio measure is then used as an electrophysiological marker that is then either analyzed 
265
What is common across these conceptualizations is that they interpret ratio measures as 266 reflecting periodic power, and so presume, as many investigations do, that pre-specified frequency 267 bands specifically measure periodic oscillatory activity. For this assumption to be valid, defined Figure 3A ).
278
An example of this issue has been previously demonstrated in a sample of participants with 279 ADHD, whereby an increased theta / beta ratio, as measured using canonical band definitions, was 280 found to actually reflect a slowed alpha peak in the ADHD group (Lansbergen et al., 2011) . In this 281 case, the theta / beta ratio calculated using individualized frequency bands found no difference 282 between groups. This suggests that, in at least some cases, frequency variation can lead to 283 measurements and interpretations of band ratios that do not accurately reflect the actual properties 284 of the data. This has led to suggestions that band ratios measure should be computed using 
287
Beyond the periodic confounds, a broader issue is the implicit assumption that frequency 288 definitions reflect periodic activity in the data, and that this activity can be specifically captured by does not consist of periodic activity (see Figure 2B ). The presence of this 1/f-like activity, henceforth 293 referred to as the 'aperiodic component', entails that there will always be power in a given frequency 294 range, but that this power should not necessarily be assumed to reflect periodic activity. Rather,
295
power at a particular frequency, or frequency range, reflects, at least in part, aperiodic activity, and 296 only partially, if at all, reflects periodic activity. A marker that there is actual periodic power in a 297 signal is that there should be a band specific peak over and above this aperiodic component measured differences within and between individuals may be driven by differences in aperiodic 307 properties of the data (see Figure 3B ). The very observation that there are correlated changes across 308 frequency bands that helped popularize band ratio measures (Lubar, 1991) can even be interpreted 309 to support the suggestion that a parsimonious description of the data could be changes in aperiodic
310
properties, across all frequencies. This is also broadly consistent with the interpretations of ratios 311 reflecting 'substitutions' of power between bands (Gasser et al., 1988) in the sense that one process 312 explains the changes across different frequency regions (though inconsistent with this being a shift 313 of periodic activity).
315
In summary, band ratio measures are a common analyses measure that are calculated across 316 two frequency bands that are designed to, and are interpreted as, reflecting relative periodic 317 activity. However, even when oscillations are clearly present, variations in the measure may reflect 318 not only the power across the two bands, but may be driven by differences in the center frequencies,
319
and/or the bandwidths of such periodic components and, can also be driven by changes in 320 aperiodic activity with or without periodic activity being present (see Figure 2C ). Altogether, this 
328
To investigate these issues, we examine the properties and validity of band ratio measures,
329
including, 1) how are band ratio measures influenced by different features of periodic activity,
330
including center frequency, power and bandwidth, and 2) how band ratio measures are influenced 331 by changes in aperiodic properties of the data, including the aperiodic exponent and offset. We 332 start by systematically exploring the properties of band ratio measures across simulated data that 333 mimic the statistics of real data, for which ground truth is known. We use these simulations to 334 evaluate how changes in different features, and their combinations, influence band ratio measures.
335
We follow by analyzing a large EEG dataset (n = 126) in which we applied band ratio measures and 336 compared ratios to methods that explicitly parameterize periodic and aperiodic features of the data,
337
to infer which neural features influence and contribute to band ratio measures. We find that many 338 different features of the data can give rise to band ratio differences, making them effectively 339 uninterpretable in isolation, without additional context of the rest of the power spectral features 340 involved. Therefore, we conclude that band ratios should not be interpreted as a well-posed 341 method to specifically measure periodic properties of neural times series, and comment on how the 342 methodological findings from this work can be used to interpret prior work, and what it suggests 343 for future investigations.
Methods
347
In order to investigate the properties of frequency band ratios, we explored calculating band 348 ratio measures across simulated power spectra, for which ground truth values were known, as well 349 as investigating their application in EEG data. As a comparison to the band ratio measures, periodic
350
(oscillatory) and aperiodic properties of power spectra were characterized using the fitting- results. For this analysis, a list of band ratio terms (e.g., "theta / beta ratio") and related association 371 terms (e.g., "attention"), with relevant synonyms and exclusion words, was manually curated.
372
Searches were performed to determine the number of articles in the PubMed database that 373 reference these terms in their abstract, and the number of co-occurrences of band ratio terms with 374 association terms. Association scores were calculated as the proportion of articles referencing a 375 band ratio measure that also mention one of the included association terms. 
403
We calculated band ratios from simulated power spectra by dividing mean power across the 404 low band range by the mean power across a high band range. We calculated the theta / beta ratio, 405 theta / alpha ratio, and alpha / beta ratio.
407
To measure how spectral parameters relate to band ratio measures, spectra were simulated 408 where a single parameter was varied across a range while the remaining parameters were kept at 409 their default values. From these spectra the theta / beta, theta / alpha and alpha / beta ratios were 410 calculated to track how individual parameters affect ratio measures. Since CF, PW, and BW are 411 specific to a peak, they were all individually varied for both low-band and high-band peaks. The
412
ranges of values for each parameter are given in supplemental tables 1 & 2.
414
We then studied how band ratio measures are affected by multiple interacting changes in 
435
In the resting state protocol, participants were instructed to fixate on a regressed out of the EEG from EOG electrodes, and a PCA approach was used to remove sparse 441 noise from the data. We further identified flat channels (channels with no data) and interpolated 442 them, and re-referenced data to a common average reference.
444
For the current analyses, we used the eyes closed resting state data, and extracted the time 445 period of 5 -35 seconds within the 40 second eyes closed resting segments, excluding the 5 446 seconds post and prior to eye opening. We used the first block for each participant for analysis.
447
Power spectra were calculated for each channel using Welch's method, using 2 second windows 448 with 25% overlap.
450
We then parameterized the calculated power spectra to return estimates of periodic and 451 aperiodic parameters. The model parameterization we used is agnostic to frequency bands, fitting 452 peaks wherever they're found in the frequency spectrum regardless of canonical band definitions 453 (Haller et al., 2018) . We determined that activity was contained in a band if the peak of an oscillation 454 was contained in our aforementioned band definitions. Settings for parameterizing power spectra 455 are as follows: the width for a detected peak was bound between 1 -8 Hz, with a maximum number 456 of detectable peaks set at 8, a minimum threshold for detecting a peak set at 0.1 au, the threshold 457 for detecting was set at the default value of 2 standard deviations above the noise floor, and spectra 458 were fit in 'fixed' mode without a knee.
460
For all band ratio measures, we calculated Spearman correlations between spectral 461 parameters, including center frequency, power and bandwidth of each oscillation band, as well as 462 the aperiodic exponent, across all channels. We do not report correlations to aperiodic offset, as 463 offset shifts by themselves do not affect ratio measures (see simulation results). In addition, we 464 calculated Spearman correlations between each ratio measure and participants' ages, and between 465 spectral parameters and age.
467
Results 468 469
Simulation Results
471
We started by investigating, in simulation, the extent to which band ratios capture periodic Figure 4A ) the theta / beta ratio is strongly driven by power of theta and beta 476 oscillations. However, ratio measures can also be influenced by the center frequency and bandwidth 477 of the theta and beta peaks. We also replicate previous work showing that the center frequency of Changes in theta center frequency show an increase in theta / beta ratio as the heightened activity is better captured in the canonical band, then decreases as activity leaves the band. Increasing theta power and bandwidth both increase TBR while increasing beta power and bandwidth decreases theta / beta ratio. The center frequency and bandwidth of alpha peaks also influences measured theta / beta ratio, even though alpha is not supposed to be included in the measure. Beta parameters essentially have the inverse effect of changes in theta parameters. Changes in aperiodic exponent also substantially impact measured theta / beta ratio.
Collectively, we see that a wide range of different parameter changes can affect measured 483 ratios. In this case, 8 of the 10 parameters alter theta / beta band ratio, with the only exceptions 484 being the aperiodic offset, which changes power equally between ratio bands, and power in the 485 non-included band, in this case alpha (for the theta / beta ratio). Of note, however, is that the scale 486 of this effects can be quite different, with the power of the included bands and the aperiodic 487 exponent having the biggest impacts. The findings for other band ratio measures are consistent 488 with those for the theta / beta ratio, with full results for them available in the project repository.
490
We 
505
We continue our investigation with EEG data recorded during resting state, and compare 
511
For the theta / beta ratio, within periodic spectral parameters we find, as expected, that the 512 strongest relationship is between theta / beta ratio and theta power (r = 0.35, p < 0.001) with a 513 similarly high correlation with beta power (r = -0.29, p < 0.01). However, when considering aperiodic 514 parameters, we find a much stronger relationship between theta / beta ratio and aperiodic exponent 515 (r = 0.77, p < 10 -20 ). The full set of spectral parameter correlations is available in Figure 6A .
517
In contrast, for the theta / alpha ratio, the highest correlation across both periodic and 518 aperiodic spectral parameters was for alpha power (r = -0.89, p < 10 -35 ), with a much lower 519 correlation with aperiodic exponent (r = 0.27, p < 0.01). This pattern of correlations was also similar 520 for the alpha / beta ratio, with a strong correlation with alpha (r = 0.87, p < 10 -30 ), and a much weaker 521 one with aperiodic exponent (r = 0.33, p < 0.001). Spectral parameter correlations for the theta / 522 alpha ratio and alpha / beta ratio are available in Figure 6B & 6C respectively.
524
We also calculated average ratio measures and spectral parameters for each channel, across 525 the group. Topographies of these measures are plotted in Figure 7 . Here we can see, for example,
526
that the spatial topography of the theta / beta ratio is most similar to that of the aperiodic exponent, 527 with a strong spatial correlation (r = 0.77, p < 10 -20 ). The topography of alpha / beta ratio is nearly In a large EEG dataset, correlation results are reported for band ratios as compared to the periodic (left) and aperiodic (right) parameters for the (A) theta / beta ratio, (B) theta / alpha ratio and (C) alpha / beta ratio. In (A), these results show that the theta / beta ratio is most strongly correlated with the aperiodic exponent, and less related to power in the theta or beta. In contrast, (B) and (C) show that any ratio measure that includes an alpha band is most strongly correlated to alpha power, meaning any alpha ratio is mostly reflecting just alpha power. 
531
We also calculated how each measure correlated with age. The theta / beta ratio was found 532 to be highly correlated with age (r = .67, p < 10 -15 ), with the negative correlation indicating that 533 older adults have higher theta / beta ratios. In comparison, the theta / alpha ratio had a much 534 smaller correlation with age (r = -0.37, p = 0.0001) and the alpha / beta ratio was not significantly 535 correlated with age (r = -0.12, p = 0.22). For spectral parameters, the aperiodic exponent was found 536 to be highly correlated with age (r = 0.68, p < 10 -15 ), consistent with previous reports (W. He et al., ratios measures, including the theta / beta ratio, theta / alpha ratio and alpha / beta ratio. For comparison, the topography of the aperiodic exponent (B) and of alpha power (D) are also presented. Each topography is scaled to relative range of the data, with higher values plotted in lighter colors (yellow). C) The spatial correlation between topographies of each ratio measure to spectral parameters including power of theta, alpha and beta, and the aperiodic exponent. 
554
Specifically, we used a parameterization model conceiving of the power spectrum as the 555 combination of an aperiodic, 1/f-like spectrum, characterized by an offset and exponent, with 556 overlying periodic 'peaks', each characterized by a center frequency, power (over and above the 557 aperiodic background) and bandwidth measure. With this approach, we show many of these 558 parameters can similarly affect band ratio measures in simulation. When applied to real data, we 559 find that different parameters do affect ratio measures, with different patterns for different ratio 560 measures. For example, theta / beta ratio measures mostly reflect aperiodic exponent, whereas 561 theta / alpha and alpha / beta ratios mostly reflect alpha power. In no ratio measures did we find 562 evidence that the measure primarily reflects power within both specified bands.
564
Given the underdetermined nature of band ratio measures in the face of multiple features 565 of the data that may be changing, we conclude that band ratio measures are not an appropriate 566 measure for characterizing electrophysiological data, at least not in isolation. This is because are 567 uninterpretable in terms of knowing which component(s) of the data they actually reflect. Therefore,
568
we recommend complementary or alternate approaches. These include methods that fully 569 parameterize neural power spectra, specifically measuring periodic and aperiodic components 570 (Haller et al., 2018) , which allows for precise quantification of which features of the data vary within 571 and between individuals.
573
A prior recommendation, that attempts to address center frequency differences (Lansbergen can be defined as below and above the observed alpha peak. Though this addresses some issues 578 with varying alpha center frequency, it does not specifically establish if there is a defined theta or 579 beta peak, over and above aperiodic power, nor does it identify specific center frequencies should 580 such periodic activity be present. Because this approach also does not separate aperiodic from 
615
In this investigation we replicated the consistently reported finding that band ratio measures . Since we also find that band ratio measures are highly correlated with aperiodic activity 620 (especially the theta / beta ratio), this is altogether consistent with the idea that the relation of band 621 ratio measures to age is plausibly due to band ratios reflecting aperiodic activity. We note that the 622 dataset used here consists of young participants, and the pattern of findings here is also consistent 623 with recent work showing that the relation of aperiodic activity to age is also apparent in younger
Overall, the EEG data analyzed here suggests that ratio measures, and the theta / beta ratio 629 in particular, often largely reflects aperiodic activity. As well as the relationship of aperiodic activity 630 and band ratios to age, this is also consistent with other reports that previously reported correlates 631 of band ratios have also been found to relate to aperiodic activity. For example, when band ratios 632 are used in sleep scoring, it is typically done with the delta / theta ratio, which we predict likely also 
637
A key prediction, if ratio measures often reflect aperiodic properties, is that the reported 638 findings will not be specific to the frequency ranges used to measure the ratios, as aperiodic effects 639 should exist across all frequencies. Indeed, correlated change across frequency bands is one of the 640 observations that led to the popularity of band ratio measures (Lubar, 1991 
650
In neurofeedback designs, where band ratios are a target for manipulation rather than a 651 descriptive measure, findings are also consistent with the possibility that targeting ratios at least 652 partially manipulates aperiodic properties, rather than targeting oscillation bands specifically. For 653 example, a recent report showed that targeting beta in a feedback design also induces changes in 
685
A notable exception, as we found in analyzed EEG data, to ratio measures reflecting 686 aperiodic shifts is in cases in which ratio measures include the alpha band. When the alpha band is 687 included in the ratio, band ratio measures tend to primarily reflect alpha power. This is likely due to 688 the prominence of the alpha band, where alpha is typically present across participants, has very 689 high power, and is dynamic. Thus, it is logical that ratio measures that include the alpha band largely 690 reflect alpha dynamics, as we observed here. This effect may also be exaggerated in our analysis,
691
as we are analyzing eyes closed data, in which alpha power is most prominent, though the pattern 
